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ABSTRACT 
Chloroplast protein expression profiles during the light-induced biogenesis of the 
maize plastid were determined from 2D gel analysis. During five time points of this 
'greening' process (0, 2, 4, 12, and 48 hours post-illumination), maize plant tissue was 
collected, plastids isolated, and protein precipitated and separated in two dimensions using 
2D protein gels. From these proteome maps, quantities of spots were analyzed by: Principal 
Components Analysis, hierarchical pairwise average linkage cluster analysis, Adaptive 
Resonance Theory 2 cluster analysis, and Self Organizing Map cluster analysis to determine 
chloroplast protein expression profiles. 54 spots representing 26 proteins were identified by 
MALDI-TOF mass spectrometry and used to verify the protein expression profiles. Two 
main conclusions were drawn from this data: 1) ART2 may be a useful clustering tool for 
expression data, and 2) different forms or modifications of the same protein show different 
expression patterns. 
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CHAPTERl:GENERALINTRODUCTION 
Introduction 
The global ecosystem balance between man and nature relies heavily on plants to 
supply the earth with oxygen and food. The oxygen supplied by plants is used for respiration 
in all aerobic organisms and the food supplied by plants is used for energy by nearly all 
humans, animals, and insects. Plants produce these products by the process of 
photosynthesis using carbon dioxide, C02, and H20, to produce sugar (C6H1206) and 02. 
The organelle in which photosynthesis occurs is the chloroplast. 
Chloroplasts are a specialized type of plastid used for carrying out the dark and light 
reactions of photosynthesis. The complexes located within the chloroplasts to fulfill these 
functions include the light harvesting complex, Photosystems I and II, the electron transport 
chain, and the proton gradient pump (ATP synthase). Chloroplasts also contain their own 
genomes; replication, transcription, and translation machinery; and the enzymes required for 
the Calvin cycle. Chloroplasts make up a constant proportion of the cell. They achieve this 
because their division is uncoupled to cell division; rather they divide before or after cell 
division depending on the species (Tilney-Bassett, 1989). Division is also dependent on the 
environmental conditions of the cell. Chloroplasts contain many copies of their own genome 
with estimates varying from 50-1000 (Tilney-Bassett, 1989). The genome itself has a size 
between 120 and 220 kilobases and codes for 100-200 proteins plus ribosomal and transfer 
RNAs (Mullet, 1988). The chloroplast, then, is an essential organelle to plants yet many 
aspects of its development and biochemical functions remain a mystery. 
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Scientists are rapidly acquiring genomic sequences for the genes that encode the 
proteins that carry out specialized functions such as photosynthesis. However, during 
transcription and translation heavy regulation of each step occurs. This causes levels of 
intermediates, such as RNA, to not always correlate to protein levels (Gygi et al., l 999a). 
Since proteins carry out the enzymatic and catalytic processes of biochemistry within the 
tissue, protein levels provide information about these processes. 
Protein levels can be examined for a specific tissue using proteomic techniques. 
Proteomics using 2D gels enables researchers to look at all the proteins expressed in a tissue 
at a point in time. Examining protein expression patterns over time can provide information 
about biochemical processes, regulation, and genes that influence plant development and 
response to stimuli or stress. Once expression patterns are determined for many proteins, 
statistical techniques are necessary to organize that data into interpretable groups. 
The purpose of this introduction is to introduce the reader to the fields of chloroplast 
development and four types of statistical analyses. The thesis research will focus on two 
objectives: to develop a procedure to reproducibly determine and quantitate global patterns of 
protein change during plant development, and to develop and evaluate statistical tools to 
analyze those protein expression patterns. 
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Plastid Development 
Chloroplasts are a differentiated type of plastid, an organelle present in all plants. 
Within the plastid population are many different types of plastids. All plastids derive from 
the proplastid, but their ultimate function may differ depending on their final function within 
the plant or environmental conditions (Mullet, 1988) (Figure 1 ). Plastids can be divided into 
two main groups, those that are photosynthetic and those that are not. Photosynthetic plastids 
are the chloroplasts, both those carrying out the C3 pathway and those carrying out the C4 
pathway of carbon fixation. Non-photosynthetic plastids include etioplasts, which are 
plastids that develop in the absence of light, and plastids that accumulate carotenoids, starch, 
terpenoids, or lipids (Mullet, 1988). For example, carotenoid accumulating plastids, called 
chromoplasts, are bright red, orange, or yellow and accumulate in flowers, old leaves, fruit, 
and some roots (Tilney-Bassett, 1989). The bright colors are useful for attracting pollinators 
and for attracting animals that disperse fruits and seeds (Tilney-Bassett, 1989). Another 
example of a non-photosynthetic plastid is the amyloplast. Amyloplasts accumulate starch 
and act as storage organelles. Mature plastids retain the ability to convert into one another; 
this conversion is accompanied by dramatic structural changes. The final plastid stage, the 
gerontoplast, is reached with senescence. At this stage, plastids are unable to convert into 
other plastid forms. 
All plastids are derived from undifferentiated proplastids that are usually maternally 
inherited (Mullet, 1988). Biparental inheritance occurs in~ 14% of flowering genera; some 
plants like maize, oats, barley, tobacco, and tomato exhibit only maternal inheritance (Tilney-
Bassett, 1989). In the presence of light, proplastids pass through a pregranal plastid phase 
characterized by the formation of the thylakoid membranes as they develop into fully 
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functional chloroplasts (Tilney-Bassett, 1989). The thylak:oid membrane is an intensive 
membrane system consisting of grana connected by the stroma lamella (Vothknecht and 
Westhoff, 2001). The grana are disc-shaped lamella closely packed to form stacks . 
(Vothknecht and Westhoff, 2001). The area inside the thylak:oid membrane is referred to as 
the thylakoid lumen. When germination proceeds in the absence of light, the proplastid 
develops into an etioplast. The etioplast contains a paracrystalline prolamellar body 
consisting of tubules in a regular array. The etioplast represents the most mature 
developmental stage a plastid can reach in the absence oflight (Tilney-Bassett, 1989). 
Once the etioplast is exposed to light, it develops into a fully functional chloroplast. 
This development has been studied since the 1960's. These studies have been carried out on 
Zea mays, Rhodopseudomonas spheroids, Chlamydomonas reinhardi, Euglena gracilis, 
Ch/ore/la variegata, Phaseolus vulgaris, barley, and wheat (Chen et al., 1967; Forger III and 
Bogorad, 1973; Aliev et al., 2001). These previous studies and the present one use etiolated 
plants grown in the dark and then transferred to light to follow the progression of plastid 
development; this process is referred to as 'greening' because of the change in color ofleaves 
from yellow to green (Figure 2). This internal development has been well characterized 
using electron microscopy (Wick and Comer). Upon illumination, the prolamellar body 
disperses and the thylakoids quickly develop (Vothknecht and Westhoff, 2001). The 
thylak:oid membranes contain the complexes necessary for photosynthesis whereas the 
stroma surrounding the thylak:oids contains the enzymes used for carbon fixation and other 
biochemical processes integral to the cell. 
Mature chloroplasts in plants are found in two different cell types, the mesophyll cells 
and the bundle sheath cells. In dicots, the mesophyll is the major cell type that contains 
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chloroplasts. In monocots, both the mesophyll cells and the bundle sheath cells contain 
chloroplasts. In monocots, the vascular bundles are discrete and are surrounded by a layer of 
bundle sheath cells. Surrounding those discrete vascular bundles are the mesophyll cells. 
The mesophyll cells contain chloroplasts that have large starch granules and stacks of grana 
(Tilney-Bassett, 1989). They are smaller than the bundle sheath cells and are more numerous 
(Stem, 1991). In contrast, the bundle sheath cells are larger and contain thylakoids, some 
starch granules, and few stacks of grana (Tilney-Bassett, 1989). 
Dicots fix carbon using the C3 pathway in the mesophyll cells. This pathway uses 
Rubisco to fix carbon and produce 3 phosphoglycerate, a three carbon product, which is 
reduced and converted to carbohydrates. 
Monocots fix carbon using the C4 pathway. The mesophyll chloroplasts utilize the 
C4 pathway to fix carbon and pass that C4 compound to the bundle sheath cells where it is 
decarboxylated into a C3 compound and passed back to the mesophyll cells. The C02 
produced by the decarboxylation of the C4 compound in the bundle sheath cell is reduced to 
carbohydrate by the Calvin cycle. In maize, these two pathways use two different enzymes. 
The C4 pathway uses the enzyme PEP carboxylase (phosphoenolpyruvate carboxylase) to 
produce the four carbon product oxaloacetate whereas the C3 pathway of the bundle sheath 
cells uses Rubisco (ribulose bisphosphate carboxylase) during the Calvin cycle. The use of 
two pathways is important for maize for two reasons, 1) C4 photosynthesis can occur at 
much higher temperatures than C3 plants, allowing C4 plants to survive higher temperatures, 
and 2) the two pathways contribute to an overall higher photosynthetic rate in C4 plants than 
in C3 plants (Stem, 1991). 
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It is commonly thought that the evolution of present day chloroplasts began with an 
endosymbiontic event of a free living cyanobacteria by a unicellular eukaryote about 1.5 X 
109 million years ago (Herrmann, 1997). The photosynthetic cyanobacteria evolved into the 
organellular chloroplasts present in algae and plants. The genome of the cyanobacterial 
ancestor has evolved into the plastid genome (the plastome) present in all plastids. Because 
of its bacterial origin, the organization of genes that remain on the plastid genome resembles 
that found in prokaryotic genomes; mainly by being compact, having operons, and having 
very few intrans (Herrmann, 1997). In maize, the plastome codes for 104 genes: 70 peptide 
encoding genes, 30 tRNAs, and 4 rRNAs (Maier et al., 1995). Translation occurs within the 
chloroplast by prokaryotic-like 70S ribosomes (Rodermel, 2001). This genome contributes 
some genes to chloroplast functions, but the majority of proteins utilized in the chloroplast 
are coded for on the nuclear genome of the cell, translated in the cytosol, and targeted to the 
chloroplast by specific target presequences. 
Nuclear genes that are used for metabolic activities within the chloroplast contain 
transit (targeting) peptides. The transit peptide is located at the N terminus of the protein and 
guides the protein from the cytosol to the plastid. These peptides are cleaved upon transport 
into the organelle and the protein can then fold and begin functioning. Mitochondria are also 
hypothesized to be derived from an ancient endosymbiontic event. Because of this, nuclear 
encoded mitochondrial proteins also use transit peptides to target them to the correct 
organelle. However, not all nuclear encoded mitochondrial genes have transit peptides. For 
example, proteins located in the outer membrane and intermembrane spaces of mitochondria 
do not have transit peptides (Millar et al., 2001); likewise, probably not all nuclear encoded 
chloroplast proteins have transit peptides. 
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Regulation of genes located on two genomes requires extensive signaling between the 
two genomes. For chloroplasts, signaling is especially important because nuclear genes code 
for the majority of proteins needed for photosynthesis. For the chloroplast to function 
properly, expression of genes must be coordinated between the two genomes. This 
regulation can occur from the nucleus to the chloroplast by nuclear encoded proteins that 
control the regulation of chloroplast gene expression (Rodermel, 2001 ). Regulation can also 
occur in the opposite direction, from the chloroplast to the nucleus by possible signaling 
agents: porphyrins, reactive oxygen intermediates, or carotenoids (Rodermel, 2001). Light 
can induce signaling between the chloroplast and nuclear genomes by influencing both the 
developmental state and photosynthetic capability of the chloroplast, both of which have 
been shown to control nuclear gene expression (Mayfield and Taylor, 1984). 
Because the conversion of etioplasts (present in dark grown plants) into chloroplasts 
(present in light grown plants) involves the acquisition of photosynthetic competence and the 
biogenesis of the photosynthetic apparatus, the levels and pool of proteins present in 
etioplasts and chloroplasts change during the greening process. Forger and Bogorad (Forger 
III and Bogorad, 1973) identified three major groups of membrane proteins in maize plastids 
on SDS-P AGE gels: those present in the etioplast, those that develop after brief illumination, 
and those that appear later in development or under continuous light. Grebanier et al. 
(Grebanier et al., 1979) showed in ID SDS-PAGE gels ofplastid proteins that three classes 
exist during greening; proteins present in etioplasts and that subsequently disappear, proteins 
not present in etioplasts but that appear over time, and those proteins present in both 
etioplasts and chloroplasts. These previous results show that the pool of membrane and total 
proteins change during greening. 
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Combining the genes coded for on the plastid genome and genes coded for on the 
nuclear genome and targeted to the chloroplast gives the total number of genes coding for 
proteins that are localized to the chloroplast. These proteins are referred to as the chloroplast 
proteome, which is estimated to contain between 1900 and 2500 proteins (Abdallah et al., 
2000). The ancient cyanobacterial ancestor is thought to have contributed about 35% of 
these proteins with the remaining proteins either contributed from the ancient mitochondrial 
host or being newly evolved nuclear genes (Abdallah et al., 2000). To get a global picture of 
protein expression within the plastid proteome, it is necessary to look at all the proteins 
present rather than specific ones. This is the goal of proteomics. 
Proteomics has been around since the 1970s, but it has risen in popularity because of 
technological and computational advances that make the process easier, more reliable, and 
more reproducible(van Wijk, 2001). Although there are many variations of the technology, 
proteomics generally relies on the separation of proteins in two dimensional gels. The first 
dimension separation is based on the isoelectric point, the pH at which the total charge of the 
residues of a protein is 0, and the second dimension separation is based on the molecular 
mass. In this procedure, proteins are isolated and denatured, then applied to an immobilized 
agarose strip with a pH gradient within a ceramic boat. The strip is allowed to rehydrate with 
the protein and then high voltage is applied to induce migrat.ion of the proteins to their 
isoelectric point along the pH gradient. The strip is equilibrated in an SDS buffer solution 
and then applied horizontally to the top of an SDS-P AGE gel. The proteins are then 
separated by molecular mass by electrophoresis. Colloidal coomassie blue staining allows 
visualization of a 'map' of protein spots that represent the total proteome of the tissue at a 
point in time. The proteins are then cut out of the 2D gel and digested in gel with the 
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protease, trypsin. Trypsin cleaves at the amino acids arginine and lysine. The cleaved 
peptide fragments are eluted and mixed with a matrix containing a hydroxycinnamic acid, 
which allows crystals to form on a mass spectrometer plate. The peptide fragments are then 
analyzed by mass spectrometry on a matrix assisted laser desorption ionization time of flight, 
MALDI-TOF, mass spectrometer. The mass spectrometer works by exciting the peptide 
fragments into flight and then capturing their mass. The masses of the peptide fragments are 
unique and can be used as a 'fingerprint' for a given protein. This fingerprint is compared 
against databases to obtain identification of the protein spot. The databases are 3 frame 
translated nucleotide or protein sequence databases where the sequences have been 
hypothetically cut with trypsin and the masses calculated. Identification is aided by a scoring 
system and by verification that the identified protein matches the pl point and weight of the 
original spot. Each protein may have multiple spots due to post-translational modifications 
and multiple isoforms. Degradation products and dimers also may appear as spots on the gel. 
Proteomic maps have been constructed for a small number of different tissue types 
and environmental conditions in plants. For the chloroplast, a map has been constructed of 
the chloroplast lumenal and peripheral thylakoid proteins in pea (Peltier et al., 2000), the 
lumen in Arabidopsis thaliana (Kieselbach et al., 2000; Schubert et al., 2002), and the 
thylakoid membranes from Chlamydomonas reinhardtii (Hippler et al., 2001). Other mapped 
proteins include maize leaves (Porubleva et al., 2001), poppy latex (Decker et al., 2000), and 
wheat-grain (Skylas et al., 2001). The proteome during seed germination and priming in 
Arabidopsis thaliana (Gallardo et al., 2001) has also been determined. Furthermore, protein 
amounts from 2DE have been quantified radioactively (Vohradsky et al., 1997)), using 
isotope coded affinity tag (Gygi et al., 1999b), and using ImageMaster 2D Elite version 3.01 
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software (Amersham Pharmacia Biotech) (Gallardo et al., 2001, 2002). Thus, 2D proteomics 
is a good tool to look at the total proteome, the qualitative changes of proteins, and the 
quantitative changes of proteins during plastid development in maize. 
11 
Statistics 
To examine the patterns of change in protein expression during development, 
statistical techniques can be used to look at the main patterns in the data and to group 
proteins by those patterns. Four techniques will be discussed here: Principal Components 
Analysis (PCA) and three types of clustering, hierarchical clustering, Self Organizing Maps 
(SOM), and Adaptive Resonance Theory 2 (ART2). 
Principal components analysis is a statistical technique that collapses a 
multidimensional data set into components that capture the main patterns within that data. In 
the book Principal Component Analysis, Jolleffe describes the theory: 
The central idea of principal component analysis is to reduce the 
dimensionality of a data set in which there are a large number of 
interrelated variables, while retaining as much as possible of the variation 
present in the data set. This reduction is achieved by transforming to a 
new set of variables, the principal components, which are uncorrelated, 
and which are ordered so that the first few retain most of the variation 
present in all of the original variables. Computation of the principal 
components reduces to the solution of an eigenvalue-eigenvector problem 
for a positive-semidefinte symmetric matrix. (Jolliffe, 1986) page v 
In order to do this, PCA looks at the variances of a set of variables within a data set. So, for 
a matrix of random variables, PCA looks for a linear function of the matrix that contains the 
most variance. Next, a second linear function that contains the most variance is looked for, 
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one which is uncorrelated to the first function. The process reiterates until all the variance is 
accounted for. Once the functions are found, a normalization constraint is applied in order to 
find the eigenvalue and the eigenvector. Each eigenvector defines a principal component 
where the component is the weighted sum of the conditions and the coefficients are the 
weights for each eigenvector. When the coefficients of the eigenvector are plotted, the result 
is a graphical representation of patterns in the data set (Figure 3). The 1st principal 
component visualizes the most prevalent pattern, the znd principal component the next 
prevalent pattern, and so on. 
For example, in Figure 3 the 1st component pattern is decreasing. For protein data 
over time, this would mean that the most prevalent pattern in that data is a decrease. Proteins 
that might belong to this group would be those expressed early in development, such as Early 
Light Induced Protein (ELIP). The eigenvalue and percent variance that that component 
describes shows the strength of that component. Here, the decreasing patterns explains 
-33% of the variance in the data set. A strong increasing pattern (2nd component) explains 
-20.7% of the variance in the data. For plants grown in the dark and moved to light, proteins 
that might show this pattern would be those that are induced by light, such as proteins of the 
photosynthetic apparatus. 
Another method used for large data sets is clustering. While PCA reduces 
dimensionality of large data to visualize the most prevalent patterns, clustering groups 
variables together that are similar. For proteomic data over time, clustering is used to 
organize large data sets by grouping entities into clusters showing similar patterns. There 
are two major categories of clustering algorithms: hierarchical and non-hierarchical. 
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Hierarchical clustering allows for relationships among entities to be deduced. 
Hierarchical clustering operates by defining two entities; here protein expression patterns, as 
the most similar and then iteratively adding to these other similar entities resulting in a tree 
like diagram (Figure 4). Each 'leaf on the tree represents an entity and the nodes represent 
clusters. In Figure 4, A and B exhibit a closer relationship to one another, as do C and D. In 
the tree diagram units that are close together (A and B, C and D) make up a branch, or 
cluster. The conclusion from this tree, then, is that there are two clusters within the dataset 
and the units within a cluster show similar expression. In order to determine how similar two 
entities are to one another, a similarity metric is used. Two of these metrics are: Pearson 
correlation, which is a measure as to how similar the directions two vectors point, and 
Euclidean distance, which is a geometric distance of how close two points are in space 
(Sherlock, 2000). Once a measure for distance is determined, there are three common 
methods for calculating that distance: average linkage clustering, single linkage clustering, or 
complete linkage clustering. One criticism of hierarchical clustering is that it can lead to 
artifacts, meaning that loosely related relationships can appear in nodes farther up in the tree. 
Also, if the method begins with a pair of entities that are not closely related, the tree may not 
represent true relationships (Sherlock, 2000). Even with these limitations, many researchers 
use hierarchical clustering to examine expression data because it retains relationships among 
the clusters. 
Non-hierarchical clustering does not preserve relationships among data points. 
Rather, non-hierarchical clustering takes a predefined number of clusters and iteratively 
partitions data into those clusters while minimizing the within cluster variation. This results 
in each cluster containing entities that show the most similar expression patterns. Two 
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examples of this technique are quality cluster (Heyer et al., 1999) or k-means (Hartigan, 
1975). Criticisms of this technique are that the number of clusters must be predefined, and 
that the results are very dependent on the initialization of the clusters (Dopazo et al., 2001). 
A variation of non-hierarchical clustering is to use artificial neural networks (ANN) 
to allocate entities into clusters instead of a reiteration. ANNs attempt to make heuristic 
decisions in data processing similar to those made by neurons in biological systems. One 
type of ANNs are those that make decisions based on competitive learning. In competitive 
learning networks, cells receive identical input for which they compete (Kohonen, 1997). 
These networks are modeled on parts of the brain that make logical, ordered decisions while 
processing information. 
One formalized algorithm of competitive decision networks within an artificial neural 
network is the Self Organizing Map (Kohonen, 1997). According to Kohonen, "the SOM 
defines an "elastic net" of points (parameter, reference, or codebook vectors) that are fitted to 
the input signal space to approximate its density function in an ordered fashion". In SOM, 
the user chooses a number of rows and columns to form a grid of 'nodes'. The nodes are 
mapped into a space at random and then iteratively adjusted. The adjustment takes a data 
point in that space and moves the grid in the direction of the data point. Because the grid is 
flexible, the node closest to the data point moves the most while the other nodes move in 
smaller increments. These adjustments are random at first. As the iterations continue, data 
points that are more similar to one another map to the same node (Tamayo et al., 1999) 
(Figure 5). After enough reiterations, the result is a two dimensional grid in which each node 
contains data points that are similar to one another and the nodes are ordered according to 
those similarities. For expression data, each node represents an expression pattern and data 
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points within that node share the same pattern (Figure 6). This method works well with large 
data sets that contain large variance. However, one criticism of this technique is that the 
number of nodes within the grid is predefined by the user and depends on the user's skill in 
choosing the right number. 
An example of expression data that could be analyzed using SOM is data generated 
from mRNA expression studies. In mRNA expression studies, each mRNA is assumed to be 
representative of the level of transcription of that gene. Over a developmental time course, 
high expression would be indicative of a high rate of transcription. In Figure 6, the 3 5 
mRNAs that grouped to cluster 0 shows a pattern of being highly expressed at the first time 
point and then decreasing. Cluster 1 includes 28 mRNAs that are expressed in the first 4 
time points and then decrease at the end. Clusters 2 and 3 show distinct patterns of 
expression. The clusters and expression patterns help researchers to deduce which genes are 
needed at what times during developmental processes. 
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Another non-hierarchical artificial neural network clustering method is ART2 
(Carpenter et al., 1991). ART2 is also an unsupervised neural network that collapses 
dimensionality of a data set onto a grid. This grid does not preserve a logical order, i.e. it is 
not flexible like the SOM grid. ART2 uses a different methodology than SOM to determine 
the number of clusters (cells). It begins by choosing two data points and calculating their 
similarity. If their similarity value is above a vigilance value, a cluster is created consisting 
of the similar data points. If the similarity between the two data points is below the vigilance 
value, a new cluster is created for a total of2 clusters. This process repeats iteratively. The 
result is a grid similar to SOM; each cell shows an expression pattern representative for that 
cluster (Figure 7). 
The next chapter of this thesis describes the research performed to investigate 
changes in the chloroplast proteome during development. I analyzed protein expression 
levels from 2D gels during maize greening using the four statistical techniques described 
above (PCA, hierarchical pairwise average linkage clustering, SOM clustering, and ART2 
clustering). The result is a reproducible protocol that can be used to examine protein 
expression patterns over time and discern biological patterns using statistical techniques. 
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Thesis Organization 
This thesis is divided into three chapters, 1) the general introduction, 2) a paper prepared for 
publication in The Plant Cell Journal, and 3) general conclusions and directions for future 
research. 
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Figure 1: Depiction of plastid development and possible plastid interconversion. Figure 
copied from: http://plantsciences.montana.edu/stout/450/plastid_development.htm 
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Figure 2: Pictures of greening maize plants at 0, 2, 4, 12, and 48 hours . 
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Figure 3: Example of the results from a PCA analysis. A) and B) examples of the 1st and 2nd 
component eigenvector plots. C) example of the eigenvectors and eigenvalues for the first 
two principal components. 
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Figure 4: Example of the results from hierarchical clustering. Individual units make up the 
nodes and branches represent clusters. 
Figure 5: Diagram of how a flexible grid is used for mapping data points in SOM. As each 
data point is mapped onto a node, the nodes move in increments as indicated by the arrows. 
Picture from: (Tamayo et al., 1999). 
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Figure 6: Example of the output from SOM clustering ofmRNA expression patterns. Each 
cell represents a cluster (cluster number indicated by c and the number of units within that 
cluster is indicated) with the expression pattern exhibited by that cluster and error bars 
around the expression pattern. The y-axis is the expression level of the unit and the x-axis is 
the time point. 
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Cluster 0 Cluster1 
Cluster 2 ' Cluster 3 
Figure 7: Example of the output of ART2 analysis. The y-axis is the unit expression amount 
and the x-axis is time point. The pattern shows the expression pattern for units within that 
cluster. 
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CHAPTER 2: A PROTEOMIC ANALYSIS OF CHLOROPLAST 
BIOGENESIS IN MAIZE 
A paper to be submitted to The Plant Cell Journal 
Patricia Lo no sky 1' 4 ' 6, Xiaosi Zhang 2' 4 , Vasant Honavar 2' 4, Drena Dobbs 3' 4, Aigen Fu 1, and 
Steven Rodermel 1' 4' 5 
Abstract 
Chloroplast protein expression profiles during the light-induced biogenesis of the 
maize plastid were determined from 2D gel analysis. During five time points of the 
'greening' process (0, 2, 4, 12, and 48 hours post-illumination), maize plant tissue was 
collected, plastids isolated, and protein precipitated and separated in two dimensions using 
2D protein gels. From these proteome maps, quantities of spots were analyzed by: Principal 
Components Analysis, hierarchical pairwise average linkage cluster analysis, Adaptive 
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Resonance Theory 2 cluster analysis, and Self Organizing Map cluster analysis to determine 
chloroplast protein expression profiles. 54 spots representing 26 proteins were identified by 
MALDI-TOF mass spectrometry and used to verify the protein expression profiles. Two 
main conclusions were drawn from this data: 1) ART2 may be a useful clustering tool for 
expression data, and 2) different forms or modifications of the same protein show different 
expression patterns. 
Introduction 
The light-induced biogenesis of the maize plastid has been studied since the 1960s 
(Chen et al., 1967). During this process, photosynthetically-incompetent etioplasts in dark 
grown plants are converted into photosynthetically-competent chloroplasts upon transfer to 
the light. This process is referred to as 'greening', or de-etiolation, because of the change in 
leaf color from yellow to green due to the synthesis and accumulation of chlorophyll in the 
developing plastid. Greening is accompanied by great underlying structural changes in the 
plastid, mainly in the development of stacked thylakoid membranes. The composition of the 
plastid proteome changes during biogenesis, but it is estimated that the mature chloroplast 
contains from 1900-2500 proteins (Abdallah et al., 2000). Although proteins located in the 
plastid are products of both the nuclear and plastid genes, the nuclear genome contributes the 
majority of the total proteins (Abdallah et al, 2000). Nuclear-encoded plastid proteins are 
translated on 80S ribosomes and imported into the organelle post-translationally, whereas 
plastid-encoded proteins are translated on 70S ribosomes in the plastid stroma. Chloroplast 
biogenesis is coordinated and integrated by a variety of environmental and endogenous 
signals, including extensive signaling between the plastid genome and the nuclear genome. 
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The first study of light induced maize chloroplast biogenesis measured changes in the 
activity of photosynthetic enzymes: Rubisco, ribose-5-phosphate isomerase, ribulose-5-
phosphate kinase and coupling factor (ATP synthase), all of which increased after exposure 
to light (Chen, McMahon et al. 1967; Forger III and Bogorad 1973). The first studies to 
measure changes in protein amounts used Laemmli gels to examine the changing plastid 
proteome during miaze greening(Forger III and Bogorad 1973; Grebanier, Steinback et al. 
1979). 
At the same time, 2D protein gels were being developed (Klose, 1975; O'Farrell, 
1975) that separated proteins in two dimensions, by isoelectric point and molecular mass, and 
resulted in a 'map' of protein spots. However, poor spot identification methods made the 
maps mostly descriptive until the early 1990's, when proteomics rose in popularity because 
of advances in technology and computation that made the process easier, more reliable, and 
more reproducible (van Wijk, 2001). Improvements in biological mass spectrometry allowed 
a peptide mass fingerprint to be obtained from many protein spots (Griffin and Aebersold, 
2001) and newly developed algorithms compared those fingerprints against sequence 
databases identifying many of those proteins spots (Mann et al., 2001). Other proteomic 
improvements included subfractionation of samples, development of sensitive fluorescent 
dyes for visualization of the protein map, narrower pH ranges on immobilized pH gradient 
strips, better buffers for increased solubility of membrane proteins, and automation of the 
whole process (Griffin and Aebersold, 2001). These advances in technology together with an 
enormous increase in plant sequence data, which facilitated identification of protein spots, 
made plant proteomic projects easier to execute, easier to reproduce, and generated detailed 
data about a specific proteome. 
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Several maps of plant proteomes have been constructed for different tissue types and 
environmental conditions, including maize leaves (Porubleva et al., 2001), poppy latex 
(Decker et al., 2000), wheat-grain (Skylas et al., 2001), rice shoots (Komatsu et al., 1999), 
and the Arabidopsis proteome during seed germination and priming (Gallardo et al., 2001 ). 
Parts of organellular proteomes have also been mapped, including lumenal and peripheral 
thylakoid proteins in pea chloroplasts (Peltier et al., 2000), lumenal proteins in Arabidopsis 
thaliana chloroplasts (Kieselbach et al., 2000; Schubert et al., 2002), and thylakoid 
membranes from Chlamydomonas reinhardtii chloroplasts (Hippler et al., 2001). Overall, 
these studies have focused on mapping, while issues ofreproducibility, such as experimental 
design and experimental replication, were generally not addressed. These studies also did not 
address the question of how one accurately measures changes in the proteome through time. 
Our study used the light-induced biogenesis of the maize plastid to look at global 
changes in the maize chloroplast proteome during development. We hoped to gain insight 
into the global pool of chloroplast proteins that facilitate the great structural changes 
involved in light-induced biogenesis and the extensive coordination necessary between the 
nuclear and plastid genomes, in addition to advancing the use of proteomics as a research 
tool in developmental studies in plants. Towards this goal, we developed and evaluated 
statistical tools that allowed us to derive a compelling experimental design that yields 
consistent, reliable results. 
We determined protein expression levels during maize greening from 2D gels using 
the software PDQuest to quantitate protein density. Four different statistical tools were 
utilized to analyze the protein changes that occurred during the greening process. Three of 
these tools, Principal Components Analysis, pairwise average linkage cluster analysis, and 
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non-hierarchical clustering, are commonly used to analyze mRNA expression on microarray 
chips (Maleck et al., 2000; Perez-Amador et al., 2001; Schaffer et al., 2001; Chapman et al., 
2002; Chen et al., 2002); we applied them to proteomics data. A fourth method, Adaptive 
Resonance Theory 2, has not previously been applied to gene expression data but has been 
used in other fields such as microgravity (Smith and Sinha, 1999) and image classification 
(Hadjiiski et al., 1999). Because protein expression patterns have not been frequently 
analyzed before (Garrels et al., 1990), we had to develop tools in order to facilitate the 
process. The result of our analysis is a reproducible protocol that can be used to examine 
protein expression patterns over time and discern biological patterns using statistical 
techniques. These studies are a necessary prelude to the design of experiments to understand 
the mechanisms that underly the chloroplast developmental process. 
Results 
Experimental design: 
One goal of our experiments was to develop a procedure whereby we could 
reproducibly determine and quantitate global patterns of protein change during plant 
development using proteomic techniques. Maize chloroplasts were chosen as our 
experimental system because more is understood about metabolism in the chloroplast than in 
any other plant organelle and because previous research has shown how parts of the 
proteome, specifically photosynthetic proteins, change during the greening process (Chen et 
al., 1967; Forger III and Bogorad, 1973; Grebanier et al., 1979). Our prediction is that both 
of these factors would allow us to assess whether the patterns we obtained made metabolic 
sense consistent with our current understanding of maize greening. 
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In designing an experimental protocol, we were interested in reproducibility and in 
identifying time points that would allow us to uncover a diversity of patterns of change in the 
proteome. Our experimental design is outlined in Figure 1. Five time points (0, 2, 4, 12, and 
48 hrs) were chosen during the greening process based on prior work and on lD SDS-PAGE 
analyses showing that the proteome composition was markedly different at each of these 
times (data not shown). For each time point, four replicate 2D gels were run to ensure 
statistical significance. The four gels were computationally combined into a representative 
standard gel, i.e. a 1st level matchset (Figure 1 ). Each spot included on the standard gel met 
several criteria: it was present in at least three out of four gels; it was qualitatively consistent 
in size and shape in the replicate gels; and its quantity was within the linear range of the 
densitometer. Quantities were a measure of the density and area of the spot, as determined 
by the software. Quality scores were also assigned by the software to each spot. They 
describe how well the software is able to determine a quantity for a spot. Quality scores 
range from 0 to 100 and are based on five attributes: 1) good fit to the Gaussian distribution 
model, 2) streaking in the X direction, 3) streaking in the Y direction, 4) overlap of the spot 
with other spots, and 5) whether the peak intensity value of the spot is within the linear range 
of the scanner (Bio-Rad, 2000). We defined "low quality" spots as those with a quality 
score less than 30: these spots were eliminated from further analysis. The remaining high 
quality quantities were used to calculate the median value for that spot, which was then used 
as the spot quantity on the standard gel. 
To compare spots from one time point to another, a 2nd level matchset was created 
using the software PDQuest. From this matchset, the filtered spot quantities from the 
standard gels were assembled into a data matrix with "time point" as the column heading, 
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"spot number" as the row heading, and a filtered median quantity in each cell. This matrix 
consisted of 526 high quality spots and was used for subsequent data analysis. 
Because the success of our experiments relied upon the acquisition of a reliable, 
quantitative data matrix, we examined the reproducibility of our gel replicates. Visual 
inspection revealed that the reproducibility of the four gels was qualitatively very good 
(Figure 1 ). Table 1 provides a quantitative measure of this. The total number of spots for 
each time point represents spots on the standard gels (1st level matchset) (Table 1, column B). 
The spots on the standard gels were then matched across time to determine the data matrix of 
526 unique spots. Reproducibility was determined for replicates within a time point; for 
example, in time point one, of the 304 total spots on the standard gel, 271 (89%) of those are 
considered high quality and used in the data matrix. The "experimental total" judges the 
overall quality of this experimental design and shows that greater than 90% of all spots 
analyzed in the experiment were considered "high quality". 
Mass Spectrometry Identification of Spots: 
For this project, we began with 526 spots matched across time. The darkest spots 
(401) were excised, trypsin digested, and analyzed by mass spectrometry. Of the 401 
samples, 166 (41.4%) gave good spectra. The peptide mass fingerprints from these 166 
spectra were compared to two theoretically trypsin-digested databases, NCBI non-redundant 
plant proteins and translated TIGR assembled maize ESTs. To efficiently search these 
databases, we developed a program that submits peptide mass fingerprints in batch mode to 
the databases (available at http://bakerl.zool.iastate.edu/perl.pl) instead of searching each 
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fingerprint individually. This program interacted with Protein Prospector and worked 
efficiently, with most searches of 100 spots taking only minutes. 
Of the 166 spectra, 93.4% returned an identification hit from the two databases. 
From these preliminary identifications, we were able to identify 45 spots whose theoretical 
and experimental mass and pl matched closely (Table 2, column A, designated "confidence 
level" 1) and 5 spots whose theoretical and experimental mass, but not pl, approximately 
matched (Table 2, column A, designated "confidence level" 2) (see Methods for verification 
procedure). Because proteins are represented by more than one spot, the 54 spots identified 
in Table 2 represent a total of 26 unique proteins. From Table 2, it is clear that multiple 
protein spots identify to one protein, and this may be due to isozymes of the same protein or 
may represent post-translational modifications of proteins. Yet, because many of these 
proteins are coded for by single genes on the plastid genome (for example the alpha and beta 
subunits of the proton ATPase), it is likely that these multiple spots represent post-
translational modifications. Dimers and degradation products also may appear on 2D gels 
even under denaturing conditions and protease inhibitors. 
In this work we choose to use very strict criteria for identification and because of that, 
were unable to rigorously identify 112 preliminary identifications. Our aim was to use 
previous research on our identified proteins in order to evaluate the results from the statistical 
analyses of protein expression patterns, thus prompting the stringent requirements used for 
identification. 
The 26 identified proteins fall into several predominant categories: the light reactions 
of photosynthesis, the reactions of the photosynthetic carbon reduction cycle, chaperones and 
proteases, regulatory proteins, and fatty acid and nucleotide biosynthesis (Table 3). Of the 
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26 proteins, four are annotated as "unknown" or "hypothetical". Most of the identified 
proteins are known to be localized within chloroplasts, indicating that our crude plastid 
isolation preparation was suitable for establishing a method for determining protein 
expression patterns. Not surprisingly, all the proteins are soluble or peripheral membrane 
proteins, most likely because integral membrane proteins are difficult to resolve using 
standard IEF and 2-D gel procedures (however, see (Molloy, 2000)). Some prominent 
soluble proteins, such as Rubisco and PEP carboxylase, were not identified on our 2D gels. 
As suggested by Porubleva (Porubleva et al., 2001), the lack ofRubisco, which is located in 
the bundle sheath cells, might be due to a higher abundance of mesophyll cells than bundle 
sheath cells in our cell :fractionations, whereas the absence of PEP carboxylase (109kDa), can 
be explained by the fact that high molecular mass proteins are underrepresented on 2D gels. 
Identification of Expression Patterns during Development: 
To decipher the patterns of change that occur in the proteome during greening, we 
used four different statistical methods. Our aim was to compare the results of the methods 
and their utility for detecting biological patterns on a well-characterized system. Principal 
components analysis (PCA) was used as a preliminary technique to visualize major patterns 
in the data. It was used in conjunction with three clustering techniques that group spots by 
their expression patterns and that result in more sensitive categories. 
Principal Components Analysis (PCA) takes a large data set with many variables and 
linearly collapses it into a smaller number of new variables that represent the major patterns 
in the data. The new variables, the principal components, are unrelated and the first few 
represent the predominant patterns (Jolliffe, 1986). 
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Figure 2 (A-D) shows the results of the PCA analysis. Each graph shows one 
principal component having time (hrs) on the horizontal axis, and the component's 
coefficients (the new variables) on the vertical axis. Figure 2(E) summarizes the coefficients 
for each of the first four principal components and reports the eigenvalue and the percent 
variance for each component. The eigenvalue describes the magnitude of the variation in the 
data set described by a component. The percent variance is another way to describe this, for 
example in the first principal component 35% of the variability in the data can be described 
by a decreasing pattern. The second and third components increase slightly over time, but 
show decreases at 4 and 12 hours, respectively. We do not know why these patterns are 
prevalent; we would not have predicted decreases at these time points based on previous 
knowledge and would not have predicted these patterns comprising 22% and 18% of the 
variance in the data set. The fourth component's pattern is strictly increasing over time. This 
pattern accounts for 14% of the variance in the data. Thus using components one through 
four, about 89% of the variance in the data set is explained by the patterns. 
After performing PCA analysis, we employed three statistical clustering techniques. 
These are used to organize large data sets by grouping entities showing similar patterns into 
clusters. Clustering techniques generally fall into two broad categories: hierarchical and 
non-hierarchical. Hierarchical clustering allows for relationships among entities to be drawn 
from the expression data. For example, pairwise average linkage clustering operates by 
defining two entities, here protein spots, as the most similar and then reiteratively adding 
other similar entities resulting in a tree-like diagram. Each 'leaf on the tree represents a unit 
(i.e. a spot) and the branches represent clusters of spots with similar expression patterns. 
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The tree resulting from the pairwise average linkage clustering on our data set was 
divided into 6 classes (main branches) based on the expression patterns within them (Figure 
3). In general, "early" spots are those that are present in 0, 2, or 4 hours and then decrease; 
"middle" spots show expression during the middle time point, 12 hours; and "late" spots 
increase in expression during the late time point, 48 hours. "Early/middle" and "middle/late" 
describe spots whose expression patterns fall into two categories. For one of the nodes, no 
obvious pattern emerged so this branch was called "no change". Table 4 provides examples 
of expression patterns for proteins that fall into each of the above classes. 
Hierarchical pairwise average linkage clustering on these data provided good 
relationship data. The tree constructed from this analysis resulted in 'middle' class spots 
exhibiting the closest relationship. Moving up into the tree, the 'middle' branch was 
connected to the 'no change' branch, then the 'early' branch, and finally the 'late' branch. 
Middle spots showing a closer relationship to early spots and then late spots, is consistent 
with the overall pattern of spots observed visually on the gels. The early and middle time 
points have clear patterns that are repeated across time, whereas the last time point, 48 hours, 
had a unique pattern on its standard image. 
We also analyzed the data using two non-hierarchical clustering techniques, Adaptive 
Resonance Theory 2 {ART2) and Self Organized Mapping (SOM). Non-hierarchical 
clustering does not define relationships between clusters, rather, it defines a set of clusters 
and then partitions entities to those clusters while minimizing the within-cluster dispersion. 
Clustering using unsupervised neural networks, which mimic connections between neurons 
has been found to work well for large data sets because neural networks are less influenced 
by noise and the shape of the data distribution (Dopazo et al., 2001). 
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A non-hierarchical neural network clustering method that has not been used for 
expression data but has been used in other fields is ART2 (Carpenter et al., 1991). ART2 is 
an unsupervised neural network that collapses dimensionality of data and defines the number 
of clusters (cells) using a vigilance value. It begins by normalizing all the data, then chooses 
two data points and calculates their similarity. If the similarity value exceeds the vigilance 
value, a cluster is created consisting of the similar data points. If the similarity between the 
two data points is below the vigilance value, a new cluster is created. This process repeats 
reiteratively. The result is a grid; each cell shows an expression pattern representative of that 
cluster. Varying the vigilance value causes the number of clusters to change. 
In order to implement the algorithm of ART2, we wrote software based on the 
method described in Gallant (1993) to perform the analysis on normalized medians. Four 
parameters, a, p, e, and p, are necessary for this analysis and were set at: a (similarity 
parameter)= (0.5/SQRT(N)), p (update parameter)= (0.5/SQRT(N)), 8 (normalization 
parameter)= (0.15), and p (vigilance)=(0.85) where N=the total number of spots in the data 
set, 526. By choosing different values of vigilance (between 0 and 1), we tested the effect of 
changing the number of categories with the same input patterns. The higher the vigilance 
value, the more sensitive the network is to dissimilarities in patterns. High vigilance values 
will therefore result in more categories. For gene expression data analysis, we determined 
that a good range for the vigilance value is between 0.8 and 0.95 (Zhang, 2002). A vigilance 
value less than 0.8 results in bad quality clustering, whereas a value greater than 0.95 results 
in too many categories. We chose a vigilance value of 0.85, which divided the expression 
patterns into 20 clusters, numbered 0 through 19 (Figure 4). These 20 clusters were 
classified into "early'', "middle", "late", "early/ middle", "middle/late", and "early/late". 
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Two additional classifications, were assigned: "early/late" which described spots showing 
expression during 0,2, or 4, and 48 hours, plus "early/middle/late" which described spots 
whose expression pattern increases over the entire time period. 
Another widely-used non-hierarchical neural network clustering method, the SOM 
algorithm maps high dimensional data onto an ordered two-dimensional space, resulting in 
an ordered grid where each cell represents a model pattern for the corresponding set of data 
points. For expression data, the pattern inside each cell represents the expression pattern 
over time for that cluster. Cells that have similar patterns are closer to one another within the 
grid. SOM is a good method for detecting expression patterns within a data set, however 
there are two disadvantages. One disadvantage is that the user arbitrarily predefines the 
number of clusters, while the second is that noisy data patterns are partitioned into existing 
clusters instead of being separated from stronger patterns 
We performed non-hierarchical, neural network clustering using SOM to look at spot 
expression patterns over time (Figure 5). We set the cluster number at 20 in order to 
compare the SOM results to the ART2 results (at a vigilance of 0.85). Then, these clusters 
were classified using the same classification scheme as for ART2. The comparison of the 
clustering results is discussed below. 
Discussion 
Overall, this research describes new methods to obtain reliable proteomic data in a 
time series and evaluates statistical methods for analyzing such data. Plant proteomic studies 
published to date have not examined protein expression data in a time series, and only two 
have looked at differences in protein quantities for an experimental data set (Gallardo et al., 
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2001, 2002). In addition, other published studies have not reported reproducibility statistics 
or have not used statistical methods to evaluate differences in protein quantities. There has 
been an increased interest and research in clustering statistics since the rise in the use of 
microarray chips and we show here that researchers can apply many of the same techniques 
to time course protein data. 
As other researchers have noted (Porubleva et al., 2001), the major stumbling block in 
plant proteomic projects is the lack ofreliable identification for spots. There are three levels 
at which identification can be retarded: 1) once a spot is digested, a good spectrum cannot be 
obtained from mass spec. analysis, 2) for spots with good spectra, a database search for 
possible identification returns no hits, and 3) for those spots with possible identifications, the 
identification is tenuous. Impediments at any of these steps cause the final number of spots 
that can be confidently identified to be low. Under the strict criteria applied in our study, 
13.5% of the original digested samples could be reliably identified as maize chloroplast 
proteins. We obtained putative identifications for over 38% of the original samples, but 
could not confirm them rigorously. 
Another problem is that many protein spots correspond to "unknown" or 
"hypothetical" proteins. In our case, this occurred four times, and we assessed possible 
biological functions using several bioinformatic techniques. The transit peptide prediction 
software ChloroP (http://www.cbs.dtu.dk/services/ChloroP/) did not predict any of these 
"unknown" or "hypothetical" proteins to have plastid transit peptides. Using the software 
LOOPP (http://ser-loopp.tc.comell.edu/loopp.html) which predicts protein function based 
on amino acid sequence-to-sequence, sequence-to-protein structure, and structure-to-
structure similarity, high confidence matches were obtained for only one of the four proteins. 
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Spot 3331, identified as an unknown protein (NCBI GI: 16604341 ), showed three high 
confidence matches to other proteins in Protein Data Bank (http://www.rcsb.org/pdb/). The 
first high confidence consensus match was to leucine/ isoleucine/ valine binding protein 
(LIVBP) (PDB identifier 2liv) with a score of 6.8. In E. coli, this protein interacts with a set 
of membrane proteins to transport branched chain amino acids into the cytoplasm (Landi ck 
and Oxender, 1985). The second hit was to a collagenase (PDB identifierlfbl) with a score 
of 6.5. This protein is a member of a family of zinc dependent matrix metalloproteases (Li et 
al., 1995). A third high confidence hit was to a matrix porin outer membrane protein F in E. 
coli (PDB identifier lbt9) with a score of 6.3. Because membrane proteins are not usually 
seen on 2D gels using this protocol, this identification is the weakest candidate for 
identifying the unknown maize protein. 
Although, the clustering results from analysis of our data set were generally 
consistent, some results from the PCA analysis were unanticipated. Grebanier et al. (1979) 
showed in lD SDS-PAGE gels of plastid membrane proteins that at least three classes exist 
during greening; proteins present in etioplasts and whose quantity decreases over time, 
proteins that are not present in etioplasts but appear or increase in amount over time; and 
finally, proteins that are present in both etioplasts and chloroplasts and do not appear to 
change during greening. Based on these previous results, we would predict the major 
components in our PCA analysis to represent these classes. We see two of these classes (the 
1st and 4th components), but the 2nd and 3rd components, while possibly representing proteins 
present in both etioplasts and chloroplasts, show a more complicated pattern than expected 
(Figure 2: B and C). 
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Hierarchical pairwise average linkage clustering of the greening data provided good 
relationship data, but was the least useful of the methods tried because the expression 
patterns within the nodes were difficult to interpret. Expression patterns within the six main 
branches do not appear to share a common expression pattern, a result mentioned by other 
researchers (Sherlock, 2000). For example, within the cluster classified as "early" by the 
pairwise average linkage clustering are spots 3330 and 4741. Spot 3330 shows a high level 
of expression during the entire 48 hour period (as indicated by intensity of red color on the 
tree, Figure 3) whereas, spot 4741 shows low expression at 0 hours and no expression at the 
subsequent time points. The protein expression pattern of the two spots (Figure 6) do not 
seem to logically cluster together but were assigned to the same cluster by pairwise average 
linkage clustering. Because of this ambiguity within nodes, classifying them was very 
subjective. Another problem with this method is that the tree obtained can be greatly 
influenced by the early decisions, i.e. if the early clusters portray inaccurate relationships 
then the tree may be misleading (Dopazo et al., 2001). 
The results from the SOM analysis had some clear advantages over hierarchical 
clustering. The patterns produced were easy to interpret, intuitive, and do seem to represent a 
model pattern consistent with those of individual protein spots within each cluster. Repeated 
tests show that the patterns exhibited within clusters are robust to the initial data point choice. 
However, user determined cluster number is a clear disadvantage of applying this technique 
to hypothesis driven data output. 
Compared with the clustering algorithms mentioned above, we found that the ART2 
method had an advantage in that it describes the number of clusters through repetitively 
testing how similar units are and comparing that similarity to a vigilance value. This 
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eliminates the need for the user to predefine the number of clusters, however, the user still 
needs to define the vigilance value. 
In order to compare the clustering results from the three analyses, we determined a 
'consensus' classification for each spot (Table 4). These results showed that, overall, the 
clustering methods agreed. Classifications for 23 spots agree for hierarchical clustering, 
SOM clustering, and ART2 clustering (Table 4, column H). For an additional 18 spots, the 
classifications for the SOM and AR T2 methods agree with one another while the pairwise 
average linkage clustering disagrees. We might have predicted the latter result because 
hierarchical clustering was found to be the least useful clustering method for our data. 
Classifications for 13 spots were different for the SOM and ART2 analyses. In order to 
assess the slight pattern differences for SOM and ART2, we compared each conflicting 
spot's original expression profile (from raw data) to the cluster it belonged to in the SOM and 
ART2 analyses (Figure 6). The ART2 analysis compared favorably to the SOM analysis 
while using a different methodology to choose clusters. Thus, AR T2 may be a useful tool for 
analyzing mRNA and protein expression patterns. 
In comparing our results with published experimental data, we found that our protein 
expression patterns are in agreement with these proteins: ClpC (Ostersetzer and Adam, 
1996), 33 kDa OEC of PSII (Liveanu et al., 1986; Sigrist and Staehelin, 1994), HSP70 
(Strzalka et al., 1994; Drzymalla et al., 1996), cinnamate 4 hydroxylase (cytochrome P450) 
(Bell-Lelong et al., 1997), and nucleic acid binding protein (Cook and Walker, 1992). 
Expression patterns of other proteins', such as acetyl coA (Rawsthorne, 2002), sucrose 
synthase and amylase (Nevins, 1995), and protein phosphatase (Sheen, 1993), agree with 
previous indirect evidence. Below, we discuss three specific examples that illustrate how 
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well our results compare with previous experimental research on ATPase, the plastid 
chaperone, and some Calvin cycle proteins. 
The most abundant identified protein on our gels is ATPase. Also known as ATP 
synthase or coupling factor, ATPase is a large multi-subunit complex that spans the thylakoid 
membrane and acts as a proton pump, resulting in the production of ATP. We were able to 
detect the peripheral membrane subunits, a, p, 8, and y. In duckweed, antibodies to ATPase 
subunits a, p, y, and i:: were found to increase 10 fold during greening as measured by 
western blots (de Heij et al., 1984). On our 2D gels, the expression pattern of ATPase 
increased overall but individual spots showed varying expression patterns. For example, 
spots from the alpha subunit of ATPase showed two different AR T2 classifications, 
"early/middle" and "early/middle/late" (see Table 4). 11 spots from the beta subunit also 
showed varying expression patterns. Subunits delta and gamma expression patterns both 
have a consensus classification as increasing over time. The collective protein expression 
pattern results for the subunits of ATPase agree with previous results that show an increase in 
abundance during greening. 
The ATPase subunits as a group are one example of a result obtained from the 
clustering analyses: multiple spots identified as belonging to the same protein can have 
distinct expression patterns. These spots are commonly thought to arise from protein 
isozymes or post-translational modifications, such as phosphorylation, methylation, 
glycosylation, or palmitoylation. Post-translational modifications are integral steps in the 
control and regulation of many biological processes. Phosphorylation plays a key role in 
signal transduction, metabolic regulation, and transcriptional control (Battey et al., 1993). 
The activity of plastid-localized enzymes, such as PEP carboxylase and sucrose phosphate 
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synthase, is regulated by reversible phosphorylation. N linked glycosylation may function to 
prevent proteolytic degradation, to ensure correct protein folding and/or biological activity, 
to allow protein-protein interaction, or to alter the physiochemical properties of proteins 
(Faye et al., 1993). Palmitoylation can be light dependent and effects photosynthetic proteins 
such as the Dl protein of PSII, chlorophyll alb binding protein, and the large subunit of 
Rubisco (Mattoo et al., 1993). Assuming that the multiple horizontal spots on 2D gels are 
due to isozymes or post-translational modifications, our data indicates that these different 
forms show different expression patterns over time, implying that different forms of proteins 
play specific roles during specific times in light induced chloroplast differentiation. 
Two forms of the plastid 60kD chaperone, a and p, help fold and assemble Rubisco 
and other proteins that are imported into the plastid. We identified 4 spots as 60kDa 
chaperone, all showing a general pattern of increasing during greening and then decreasing at 
48 hours. In pumpkin, antiserum that reacted with the chloroplastic 60kDa chaperone was 
present in etiolated plants, increased after 1 day of illumination and decreased after 2 days of 
illumination (Strzalka et al., 1994). Two co-chaperones, chaperone 10 and chaperone 20, 
show the same general expression pattern as the 60kDa chaperone on our gels; they increase 
during the early and middle time points and then decrease at 48 hours. In contrast, previous 
experimental evidence showed that in germinating cotyledons, the accumulation of chl-Cpn 
10 was observed to be accelerated by light after a 5 day dark incubation, similar to that of 
Rubisco (Koumoto et al., 2001). In duckweed, all subunits ofRubisco have been found to 
increase 50-fold as quantified by an immunochemical method (de Heij et al., 1984). Because 
our results both confirm and contrast to previous results, further research would be necessary 
to determine the expression patterns of these chaperones. 
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The Calvin cycle is part of the 'dark reactions' of photosynthesis but is regulated, in 
part, by light so we expected Calvin cycle enzymes to increase over the greening period. The 
two Calvin cycle enzymes that we identified, phosphoglycerate kinase (PGK) and 
glyceraldehyde 3 phosphate ( GapA and GapB), show similar patterns. In the SOM analysis, 
phosphoglycerate kinase increases, shows a peak at 12 hours, and then a decrease, whereas 
glyceraldehyde 3 phosphate dehydrogenase shows a peak at 48 hours. Based on the ART2 
analysis, phosphoglycerate kinase plateaus at 12 hours, whereas glyceraldehyde 3 phosphate 
dehydrogenase increases over the entire 48 hour time period. Previous research has shown 
that in dark grown tobacco, chloroplast PGK mRNA increases upon illumination in 
cotyledons over a 24 hour period (Bringloe et al., 1996). For glyceraldehyde 3 phosphate 
dehydrogenase, two nuclear genes, GapA and GapB, show maximum accumulation of 
mRNA by 24 hours and maintain that level for at least 120 hours after illumination of mature 
dark-adapted Arabidopsis (Dewdney et al., 1993). Our results for PGK show a slight 
difference from the mRNA results; protein expression peaks at 12 hours. Glyceraldehyde 3 
phosphate mRNA and protein both show an increase in levels after exposure to light. In 
summary, these three examples, ATPase, the plastid chaperone, and two Calvin cycle 
proteins, of our proteomics analysis results are generally consistent with experimental results 
obtained using other techniques, thus verifying our methodology. 
In this study we systematically monitored protein expression during greening maize 
chloroplasts using 2D gels in order to generate reproducible characteristic protein expression 
patterns for analysis using statistical and pattern identification methods. With reliable tools 
for generating and analyzing protein expression pattern data in hand, our current research 
directions is directed at identifying more protein spots and on functional annotation of the 
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"unknown" proteins. Most importantly, we can now uncover the biological significance and 
purpose of the protein expression patterns that we have identified. 
It is important to note that this research is introductory and only broad trends should 
be inferred from the data. As proteomic technologies improve, it will become more feasible 
to obtain more accurate protein expression patterns and to use them to analyze complex 
cellular systems. Basic research such as our study will help move techniques such as 2D gels 
from descriptional to experimental status, and help us, as researchers, manipulate the great 
amount of data possible from these types of experiments and to direct future experiments and 
interpret biological systems. 
Materials and Methods 
Plant growth: 
Zea maize kernels were soaked overnight in water, planted in a mixture of peat moss 
(50%), perlite (40%), and mineral soil (10%) in 6" standard greenhouse pots, and then placed 
in a dark growth cabinet (36 total pots). After 7 days, the pots were placed under-50 µmol 
m - 2 s-1 of light at room temperature (time 0). At varying times after illumination (2, 4, 12, 
48 hrs), the two newest leaves were collected from plants in 2 or 3 of the pots, randomly 
selected from the 36 pots. At each time point, plastids were isolated using a modification of 
established protocols (Leech and Leese, 1982). In brief, the leaf tissue was cut into small 
pieces, homogenized in a Waring blender for 3, then 5 seconds, in 4 ml isolation medium 
[0.067 M KH2P04 (pH 8.0), 0.5 M sucrose, 1 mM MgC}i, and 0.2% BSA] per gram leaf 
tissue, and filtered through 2 layers ofMiracloth (Calbiochem). The filtrate was then 
centrifuged for 90 seconds at 3000g and the pellets were decanted and frozen at-80° C. For 
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each time point, 0.3 grams fresh weight of harvested tissue was saved in 80% acetone for 
chlorophyll determinations by previously described methods (Aluru et al., 2001). 
Isolation of plastid proteins: 
Plastid pellets were suspended in 20 ml resuspension buffer [20mM MOPS, 50mM 
EDTA, lmM PMSF (pH 7.0)] and the protein was precipitated using 10% trichloroacetic 
acid (TCA) (v/v) and washed twice with 100% cold acetone. Samples were air dried 
overnight and dissolved the next day in rehydration buffer (7M urea, 2M thiourea, 4% 
CHAPS, 40mM Tris-Cl; 2mM TBP and 0.5% carrier ampholytes added just before use). The 
protein samples were then stored at-80° C. Protein concentrations were determined using 
the Biorad Protein Assay kit (BioRad Laboratories). 
2 Dimensional Gel Electrophoresis: 
Isoelectric focusing (IEF) was performed using an IPGphor Isoelectric Focusing 
System (Amersham Pharmacia Biotech). 125 ug of protein was mixed with rehydration 
buffer (final volume of250ul) and the samples were loaded onto 13 cm strips (pH 4-7) and 
rehydrated for 2 hours at 20° C and 20 V for 10 hours, 100 V for 1 hour, 500 V for 1 hour, 
1000 V for 1 hour, 2500 V for 1 hour, and finally 8,000 V until the total volt-hours reached at 
least 80,000. After IEF, the strips were stored at -80° C. Before 2nd dimension 
electrophoresis, the IEF strips were equilibrated in SDS equilibration buffer [ 50mM Tris-Cl 
(pH 8.0), 6M urea, 3% SDS, 20% glycerol, 0.125% concentrated TBP] for 30 minutes with 
gentle shaking. After equilibration, strips were applied to 12.5% SDS PAGE gels and sealed 
with agarose sealing solution (0.5% agarose in SDS buffer plus a few grains of Bromophenol 
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Blue). Protein samples were separated by SDS gel electrophoresis with running buffer (25 
mM Tris, 192 mM Glycine, 0.1 % SDS). Protein Benchmark (Invitrogen) was applied to 
Whatman paper and loaded as a molecular weight marker. Electrophoresis was carried out at 
20 mA per gel with a maximum of 250 V for -6 hours. After electrophoresis, the gels were 
immediately stained with colloidal Coomassie blue with gentle shaking for 2 days, then 
transferred to 1 % acetic acid destain with gentle shaking for one day. Next, the gels were 
transferred to new colloidal Coomassie stain for one day and then destain for one day. 
Finally, the gels were imaged using the PDQuest software on a GS-800 Calibrated 
Densitometer (Bio Rad Laboratories). After imaging, the gels were stored in destain at 4° C. 
Spot intensities were determined using the software PDQuest. 
Mass Spectrometry to IdentifY Proteins on 2D gels: 
Each spot was manually excised from the gel and placed into a microcentrifuge tube 
containing 50% methanol. Each gel piece was then destained by washing 2-3 times with 
wash buffer [2.5 mM Tris-CL (pH 8.5), 50% acetonitrile ], and dried in a speed vacuum. 
Sequencing grade modified trypsin (Sul) (Promega Corporation) was added to the dried gel 
slice and in gel digestion took place over night while shaking at 37°C. Peptides were eluted 
from the gel piece using 5 ul of peptide elution buffer (50% acetonitrile, 0.5% trifluoroacetic 
acid). After centrifugation at 14,000 rpm for -90 seconds, 1 ul of the eluted peptide mixture 
was mixed with the MALDI-TOF matrix ( a-cyano-4-hydroxycinnamic acid in 50% 
acetonitrile, 0.5% trifluoroacetic acid), spotted onto a MALDI plate, and air-dried. A 
Voyager-DE Pro MALDI-TOF mass spectrometer (Perspective Biosystems) was used for 
mass spectrophotometric analysis. 
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After spectra were obtained, they were calibrated using Data Explorer software, 
version 4.0 (Applied Biosystems). Internal standards, Angiotensen I (m/z= 904.4681) and 
Bradykinin 2-9 (m/z= 1296.6853), were included in the matrix solution and the peaks were 
calibrated using these standards. For identification, the resulting peptide fingerprint was 
searched against bioinformatic databases using the software Ms-Fit version 3.3.1 from the 
software suite Protein Prospector version 3.4.1 (UCSF). The databases included: NCBI non-
redundant proteins limited to plants (http://www.ncbi.nlm.nih.gov), and TIGR assembled 
ESTs for Zea mays (http://www.tigr.org). We developed software to search the databases in 
'batch' mode (see Results). 
Once an identification was obtained, the spot was verified by matching the calculated 
molecular weight and PI data against the actual experimental spot mass and Pl. Spots were 
also verified by comparing the most intense peaks on the mass spectrum to the peptide mass 
fragments relied upon for identification. We also found it useful to compare our spots to an 
existing experimental proteome map of maize whole leaf tissue (Porubleva et al., 2001). 
However, both Porubleva's map (2001) and ours have a high spot density and were generated 
under different electrophoresis conditions. Hence, the two maps could not be compared for 
exact protein spot identification purposes. Upon request, all novel materials described in this 
publication will be made available in a timely manner for non-commercial research purposes. 
No restrictions or conditions will be placed on the use of any materials described inthis paper 
that would limit their use in non-commercial research purposes. 
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Data Analysis: Clustering 
Four statistical techniques were used to analyze the data. Pairwise average linkage 
cluster analysis and PCA were performed using the software Tree View, version 1.5, and 
Cluster, version 2.1.1, respectively (http://rana.lbl.gov/EisenSoftware.htm). We used a 
covariance matrix for the PCA analysis. We wrote software to perform Adaptive Resonance 
Theory 2 clustering on normalized medians (see Results) (Zhang 2002). Self Organized 
Mapping was performed on normalized medians using version 1.0 of Gene Cluster 
(http://www-genome.wi.mit.edu/cancer/software/software.html). 
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Table 1: Spot Reproducibility Across Replicate Gels 
A) Time point (hours after exposure to light) at which plastids were isolated and proteins 
precipitated, B) Total number of spots included on the standard gel, C) The number of high 
quality spots on the standard gel (see Materials and Methods), and D) Percentage of high 
quality spots on the standard gel. 
Table 2: Identification of Protein Spots 
Identifications of protein spots from 2D gels of greening maize using NCBI and TIGR 
databases A) confidence level of identification (see Results), B) spot number according to the 
software PDQuest, C) database the identification came from, D) Geneinfo Identifier or 
Tentative Consensus Number, E) annotation, F) the MOWSE algorithm score, G) total 
number of peptide fragments, H) number of matching peptide fragments, I) and J) predicted 
molecular weight and isoelectric point of matched protein sequence, and K) percent of 
predicted protein sequence the peptides matched. 
Table 3: Functional categories of identified proteins 
Proteins identified from 2D gels fall into five major functional classes: light reactions of 
photosynthesis, dark reactions of photosynthesis, chaperones and proteases, regulation, and 
fatty acid and nucleotide biosynthesis 
Table 4: Statistical classification 
a) spot number according to the software PDQuest, B) annotation, C) hierarchical pairwise 
average linkage cluster classification, D) and E)classification and cluster number from ART2 
analysis, F) and G) classification and cluster number from SOM analysis, H) Consensus 
classification for all clustering results, black=P AL, ART2, and SOM classifications agreed, 
red= AR T2 and SOM classifications agreed. 
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A B c D 
# HIGH QUALITY % HIGH QUALITY 
TIME TOTAL# SPOTS SPOTS SPOTS 
0 304 271 89.0 
2 336 312 92.8 
4 351 345 98.0 
12 361 351 97.0 
48 290 270 93.0 
Total 1642 93 94.3 
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Table 2: Identification of Protein Spots 
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photosynthetic fatty acid & 
photosynthesis: carbon reduction: chaperones & nucleotide 
light reactions dark reactions IDroteases reaulation biosvnthesis misc. 
Rubisco subunit 
binding protein alpha 
33 kDa oxygen subunit, 60 kDa nucleic acid acetyl CoA beta D 
evolution complex sucrose synthase chaperonin (3615, binding protein carboxylase glucosidase 
'3330, 3320,4305) 1(7313) 3603, 3610, 3317} 1(329) 1'6537, 7537) ll8520\ 
putative inosine 
10 kDa or 20 kDa putative protein monophosphate plastid specific 
cryptochrome chaperonin (4209, phosphatase dehydrogenase ribosomal 
3632,4738, 4741) amylase l5421, 6441 l 3324) '6217) 1145\ lorotein l4219\ 
ATPase subunit 
beta (4520, 1246, chloroplast NADP- mitotic spindle cytochrome 
5518, 5507, 5504, malate checkpoint P450 73 
14533, 5517, 5725, dehydrogenase heat shock protein protein MAD2 (P450C4H) 
6511, 6708, 4534) ll5406) 2714, 2720) '4301\ 2528\ 
glyceraldehyde 3 
ATPase subunit phosphate 
alpha (7616, 8632, dehydrogenase ClpC protease male sterility 1 
8633) '6402) '6705, 6711 l lorotein l3602l 
IA TPase subunit hypothetical 
gamma (6439, phosphoglycerate protein (7230, 
7414) kinase (4409\ 1353\ 
enolase (2phospho D 
ATPase subunit glycerate hydroylase) unknown 
delta C201) 4417) 3629, 3331) 
Table 3: Functional Categories of Identified Proteins 
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A B c D G H 
.. . . . . . . . . . 
SPOT PAL ART2 ART2 SOM SOM . . . . . 
NUMBER ANNOTATION CLUSTERING CLASSIFICATION CLUSTER# CLASSIFICATION CLUSTER# ~~$ai~U$ 
RuBisCo subunit bindin9 protein alpha subunit, chlroplast 
3317 precursor(60kD chaperonin alpha subunit) 
RuBisCo subunit binding protein alpha subunit, chlroplast 
3603 precursor(60kD chaperonin alpha subunit) 
RuBisCo subunit binding protein alpha subunit, chlrnplast 
361 O precursor(60kD chaperonin alpha subunit) 
RuBisCo subunit binding protein alpha subunit, chlroplast 
3615 precursor(60kD chaperonin alpha subunit) 
3324 20kDaor10 kDa chaperonin, chloroplast percursor 
4209 20kDa chaperonin (chloroplast protein CPN10) 
3320 33 kD subunit of OEC, PSB 
3330 33 kDa OEC of PSll, putative 
4305 33 kDa OEC of PSU 
6537 acetyl CoA carboxylase 
7537 acetyl CoA carboxylase 
7616 A TPase subunit iilpha 
8632 A TPase subunit alpha 
8633 ATPase subunltalpha 
1246 ATPase beta subunit 
4520 A TPase subunit beta 
4533 A TPase subunit beta 
4534 A TPase subunit beta 
5504 A TPase subunit beta 
5507 A TPase subunit beta 
5517 A TPase subunit beta 
5518 A TPase subunit beta 
5725 A TPase subunit beta 
6511 A TPase subunit beta 
6708 A TPase beta subunit 
201 A TPase subunit delta 
6439 A TPase subunit gamma 
7414 ATPasesubunitgamma 
6520 beta-D-glucosidase, glu2 precursor 
5406 chloroplast NADP-malate dehydrogenase (NADP-MDH) 
6705 ClpC protease 
6711 ClpC protease 
4741 cryptochrome 1 
3632 cryptochrome 1 
4738 cryptochrome 1 
4417 enolase (2 phospho D glycerate hydroylase) 
2714 heat shock protein 70 
2720 heat shock protein 70 
MIL 
EIM 
EJM 
EIM 
L 
MA.. 
Mil 
EIM 
M 
M 
M 
EJM 
L 
EIM 
EIM 
MA.. 
L 
EJM 
MA.. 
EIM 
MA.. 
E 
E 
EIM 
EIM 
MIL 
329 nucleic acid-binding protein EIM 
4409 phosphoglycerate kinase, chloroplast precursor MA... 
plastid-specific ribosomal protein 2 {Spinacia oleracea} : component 
4219 of chloroplast ribosomal 30S subunit EIM 
5421 amylase, putative L 
6441 SU1 isoamvlase M 
sucrose synthase 2, UDP-glucose:D-fructose 2-glucosyl-
7313 transferase M 
6402 Zea mays putative glyceraldehyde-3-phosphate dehydrogenase L 
3629 unknown protein; 105229-102792 
7230 hvcothetical protein 
1353 hypothetical protein EIM 
3331 unknown protein L 
1145 putative inosine monophosphate dehydrogenase L 
2526 P450C4H (cytochrome P450 73) EIM 
3602 male sterility 1 protein E 
4301 mitotic cell cycle checkpoint protein MAD2 homolog L 
6217 putative protein phosphatase L 
Table 4: Statistical Classification 
EIM 
EIM 
EIM 
EIM 
EIM 
L 
EIM 
EIM 
EIM 
EIM 
EIM 
EIMll.. 
EIM 
EIM 
E 
EIMll.. 
EIMA.. 
EIM 
EIM 
L 
L 
L 
EIMA.. 
EIMA.. 
EIMll.. 
EIM 
EIM 
EIM 
EIM 
EA.. 
EIM 
EIM 
EIM 
EIM 
EIM 
EIM 
M 
EIM 
EIMA.. 
EIMA.. 
EIMll.. 
EIM 
EA.. 
EIMA... 
EIM 
EIM 
L 
18 EIM 
10 EIM 
10 EIM 
10 EIM 
EIM 
10 EIM 
L 
11 EIMil 
18 EIM 
10 EIM 
EIM 
12 EIM 
EIMA.. 
15 M 
10 EIM 
EA.. 
EIMA.. 
17 E 
L 
EIM 
L 
10 EIM 
3 EIMA.. 
3 L 
3 L 
EIMA.. 
EIMA.. 
EIMA.. 
10 EIM 
11 EIMA.. 
11 EA.. 
11 EIM 
19 
L 
10 EIM 
11 EIM 
11 EIM 
17 
11 EIM 
10 EIM 
11 EIMA... 
MA.. 
EIMA.. 
L 
EIMA.. 
10 EIM 
13 EIMA.. 
EIMll.. 
10 EIM 
10 EIM 
3 L 
EIMA.. 
8 
8 
12 
8 
3 
14 
12 
11 
15 
8 
3 
8 
3 
6 
7 
14 
11 
16 
16 
10 
15 
14 
13 
14 
2 
13 
12 
2 
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Figure 1 : Experimental Design 
For each of the five time points during maize greening (0, 2, 4, 12, 48 hrs), plastids were 
isolated, proteins were precipitated, and identical samples were separated by electrophoresis 
on four replicate 2D gels. These 4 replicate gels were computationally combined into a first 
level matchset (i.e. the standard image) and filtered quantities were determined for spots. A 
2nd level matchset was then created in order to follow spots through time and, from this 2nd 
level matchset, a data matrix was assembled and used for subsequent statistical analysis (see 
text for details). 
Figure 2: Principal Components Analysis 
A-D) results of the 1st-4th Principal Components, E) Eigenvectors, Eigenvalues, and percent 
variance for each of the first four Principal Components. 
Figure 3: Hierarchical Pairwise Average Linkage Clustering Results 
Results are displayed as a tree with leaves representing individual protein and branches as 
clusters. Six main branches generated in this analysis are labeled according to when the 
proteins were expressed. 
Figure 4: Adaptive Resonance Theory 2 (ART2) Clustering Results 
A) Representative expression patterns for each of the 20 clusters obtained using ART2 
analysis; the X axis represents time point during greening and the Y axis represents the 
normalized protein amount. B) Cluster number, number of spots within the cluster, and 
classification assigned, E=early expression, M=middle expression, L=late expression. 
Figure 5: Self Organized Map (SOM) Clustering Results 
A) Representative expression patterns from SOM analysis, blue line= expression pattern, red 
line= standard deviation; the X axis represents time point during greening and the Y axis 
represents normalized protein amount. B) Cluster number, number of protein spots within a 
cluster, and spot classification. 
Figure 6: Comparison of Clustering Results 
A) protein spot expression pattern, the X axis is time point and the Y axis is spot quantity, B) 
Pattern of SOM assigned cluster for protein, C) Pattern of AR T2 assigned cluster for protein. 
59 
• t w ,.. : •• :• . 
:_ . ::.,:-:--.. · I -:-..:=- - - Ii ... -· ~- . -j . - =1.:....;;~. . : \I . -C::::,.. 1,il~ . .. • - ·· .. •. ....-.,..,.. • - .. .,_.._. -.. , ,~ ~ -- ~ •• • •• • ~ • --. •• .. • .. • • - ~ · ... . ..... • •• • 1 . :~ . .... ==--:-~ . .. :-; . ·~: :. :-.. . . / 4 replicate gels for each time point 
! . '. /~ -
! I I / 
.... ~ .. ~ ~-:· 
' -·'~~ ••• ·~·, "'T .-
... _ ·- · 1st level matchset ... ·:=..,:.,, 
-· .. · .. 
2nd level matchset 
- -i..~·.:.: :-:..-: 
"• -····:i.···~, :~ 
-~ . .... : . . ... . . :: ... ·~ -· . ....... .. .. 
. :..: •• ~ :.S:' . "\ : ... • ... 
- -
:.:_.~ :::..:~·~-~· :~ . 
,_ .. ··~. : . - .:. ~ . 
-~ ;;.. -" . 
:..::.. :: .:.,~ . .:. ~ . • ' : 
- .. ·· :' ·' ' .• - · ··•· ?""-:-· ·-
: .... 
i • • • 
'•, . . . 
- . . ... ... ,' • 
00 hour 02 hours 04 hours • 12 hours 48 hours : 
Figure 1 : Experimental Design 
A 
0 
.0.2 
.0.4 
.0.6 
.0.8 
c 
Coeflicients of 111 Principal 
Component 
20 40 
Coefficients of 3rd Principal 
Component 
' I 
0.5 
O~>,-~-.-~__,..~..--~~-i 
t .0.5 -1 ~---------~ 
E 
Projection on 
condition 1 
T=O -0.2457 
T=2 -0.3152 
T=4 -0.3805 
T=12 -0.57 
T=48 -0.6087 
Eiaenvalue 16.6 
% variance 35.2 
60 
B 
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Figure 2: Principal Components Analysis 
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Figure 3: Hierarchical Pairwise Average Linkage Clustering Results 
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CHAPTER 3: CONCLUSIONS AND FUTURE RESEARCH 
DIRECTIONS 
Conclusions 
Conclusions about this research can be divided into two main categories: conclusions 
about the statistical analyses, and identification conclusions. Conclusions from the statistical 
analyses are that all the clustering results generally agreed. This conclusion is drawn from 
the classification scheme, which shows that the majority of proteins classified into the same 
categories among the clustering analyses (Chapter 2, Table 2). The second statistical 
conclusion from this data is that ART2 analysis may be a useful tool for clustering 
expression data. 
Three conclusions were drawn from the protein spot identifications. First, the 
expression patterns detected by the statistical analyses were verified by previous 
experimental research on ATP synthase and two Calvin cycle proteins indicating that my 
results from 2D gels agree with previous results of differential expression on individual 
proteins. Second, different spots that identify to the same protein show different expression 
patterns indicating that specific isozymes or post-translational modifications of proteins play 
distinct roles during specific times of light induced chloroplast differentiation. Third, protein 
spot identifications, except the 'unknown' identifications and cryptochrome, are localized to 
the chloroplast indicating that my crude plastid preparations were appropriate for this study. 
74 
Future Research Directions 
I will discuss some limitations of the current study and five directions for continuing 
research on this project: 1) identifying more spots, 2) characterizing proteins annotated as 
'unknown', 3) developing an internal standard for 2D gels, 4) analyzing post-translational 
protein modifications during maize greening, and 5) correlating the protein expression data to 
microarray data. 
One limitation of the research described in Chapter 2 is that the total number of 
proteins identified was low. Further identification of spots would greatly increase 
understanding the composition of the chloroplast proteome. This could be achieved by re-
running 2D gels with more protein and then analyzing by MALDI-TOF mass spectrometry or 
by using other types of mass spectrometry, such as Electrospray Ionization Tandem Mass 
Spectrometry. Protein spots are often mixtures of more than one protein, which causes 
identification by MALDI-TOF mass spectrometry to be difficult. Electrospray Ionization 
Tandem Mass Spectrometry separates mixtures and identifies those proteins by peptide mass 
and sequence, resulting in a higher identification rate. 
Once more spots are identified, studies could be undertaken to characterize those 
proteins that have been classified as 'unknown' or 'predicted'. Using clues from 
bioinformatic techniques (Chapter 2), experimental techniques could be used to determine 
function of 'unknown' proteins. Plant lines could be created that are mutated for the 
unknown protein (or obtained from the vast collections of mutants available to plant 
researchers today), which could then be characterized with respect to phenotype. For the 
chloroplast, Chlamydomonas reinhardtii has been extensively used for genetic studies of 
photosynthetic proteins because mutants can be viable even if they are unable to perform 
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photosynthesis. This is due to their ability to grow heterotrophically using acetate as a 
carbon source. This ability also allows light sensitive mutants to be maintained in complete 
darkness. So, using both plants and Chlamydomonas reinhardtii, mutational analysis could 
be used to study most, if not all, proteins localized to the chloroplast. 
Future technical work might include the development of internal standards for 2D 
gels. Commercial 2D gel standards are difficult to use because overlapping spots from the 
experimental tissue often conceals the standard spot patterns. Other problems include 
inconsistent spot patterns and standards resolving into more spots than expected. In this 
work, I tried to use a subset of the proteins used for the commercial standard. Unfortunately, 
even this subset of proteins resulted in more spots than expected and in inconsistent spot 
patterns across replicate gels. Thus, no good standards exist for 2D gels even though these 
are necessary for normalizing data from different gels. With a good standard, gels could be 
normalized both across replicate gels of a time point and, more importantly, between time 
points. An ideal standard would be one that has multiple spots distributed in different areas 
of the gel that could be easily identified. Developing a standard with some kind of marker 
that easily identifies it would greatly advance the field of proteomics. 
One of the research findings from this thesis was that there are multiple spots for a 
given protein, and that those spots show different expression patterns during greening 
(Chapter 2, Table 2). The different spots are thought to be from isozymes of an enzyme or 
from post-translational modifications, such as phosphorylation, glycosylation, or 
methylation, which change the pl and/or molecular weight of the protein (Thomas and 
VanBogelen, 2000). This research showed that these different spots showed different 
expression patterns suggesting that the different protein forms may play distinct roles during 
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chloroplast development. One promising area of proteomic research is using 2D gels to 
follow these post-translational modifications in order to discover how regulation or signal 
transduction might be occurring through these modifications. Some plastid enzymes, such as 
the Dl protein of Photosystem II, chlorophyll alb binding protein, Rubisco, PEP carboxylase, 
and sucrose phosphate synthase, are regulated through post-translational modifications 
(Fallon and Trewavas, 1993; Mattoo et al., 1993). The results from this thesis suggest that 
many other maize plastid proteins are also modified. 
A future direction that would be very interesting is to develop assays for these 
post-translational modifications in order to follow them through time. One feasible way to 
detect phosphoproteins is to use antibodies raised against phosphoserine, phosphotyrosine, 
and phosphothereonine for immunoblotting of 2D gels. The visualized protein spots could 
then be followed through time to look at phosphorylation of that spot (Soskic et al., 1999). 
Other modifications could be detected using radiolabeling agents that detect 
glycosylphosphatidylinositol-anchored proteins and N-myristoylated proteins (Jensen, 2000). 
These assays could provide the first wide scale investigation of modifications of a proteome 
during plant development. 
Another interesting future project would be to perform microarray analysis to look at 
mRNA expression patterns during the greening process. Microarray chips with maize 
cDNAs could be probed with mRNA isolated from the five timepoints of greening. The 
individual gene expression patterns from mRNA could then be compared to the protein 
expression patterns to compare how well they correlate. Although one study on yeast 
showed that mRNA and protein levels do not correlate well (Gygi et al., 1999), there does 
not exist a wide scale study in plants to examine this. Microarray analysis of greening would 
77 
allow this comparison to be made and could also be used to investigate regulation at the 
transcriptional level. 
Plant proteomic research is at the crossroads of an exciting and burgeoning time. 
With continuous improvements such as the ones laid out in this thesis, the field promises to 
unveil large amounts of information about sub-fractionated proteomes. Not only can the 
proteome itself be analyzed, but also protein expression patterns and regulation at the 
transcriptional and translational levels can be studied. Since genomic sequences are now 
accruing at an unprecedented rate, we are ready to face the next challenge of examining 
protein activity by continuing to improve and build upon the established proteomic 
techniques. 
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